I. INTRODUCTION
Cancer [1, pp. 1247-1294] , [2, pp. 1006-1096] , [3] - [5] is the second most frequent cause of death in the developed countries. Approximately 60% of all cancer patients in Europe and the United States receive radiation therapy (external beam therapy, brachytherapy) each year as therapy, or for palliation, or as an adjunct to surgery or chemotherapy. In order to achieve the best outcome for the patient in terms of tumor control and complication frequency, an optimization process of the treatment planning should take place before the radiation delivery. Current treatment planning algorithms are based on the concept of physical optimization of the dose distribution and rely on rather crude biological models of tumor and normal tissue response. Such algorithms practically ignore the highly complicated dynamic behavior of malignant cells and tissues. The introduction of advanced biosimulation methods based on cell proliferation mechanisms and also on information drawn from the cellular and molecular properties of each individual malignancy and each individual patient are expected to substantially improve the radiation therapy efficiency. This would be accomplished by using alternative fractionations, spatial dose distributions, and even combination with other therapeutic modalities such as chemotherapy or hyperthermia.
Therefore, efficient modeling, simulation, and visualization of the biological phenomena taking place before, during, and after irradiation is of paramount importance. It is pointed out that the extremely high degree of complexity characterizing the corresponding elementary biological phenomena and their interactions makes it very difficult or even impossible to reliably describe tumor growth and response to irradiation by using simple analytical models. On the contrary, discrete time algorithmic descriptions (simulations) of the various phenomena offer the possibility of taking into account a large number of involved mechanisms and interactions. The same philosophy has already been extensively applied to purely technological problems, and the emerged numerical methods [e.g., the finite difference time domain (FDTD) technique] have proved to be very efficient and reliable. A further prominent characteristic of the biological phenomena under consideration is stochasticity. For example, the fate of a single irradiated cell cannot be accurately predicted. Only survival probabilities can be assigned to the cell based on the accumulated experimental and clinical observations made on large cell populations. Furthermore, the exact spatio-temporal distribution of the various cell cycle phases within the tumor volume is generally unknown, although some plausible macroscopic hypotheses can be made. Therefore, stochastic techniques such as the generic Monte Carlo method seem to be particularly appropriate to the prediction of tumor growth and response to radiation therapy.
The practical usefulness of such methods is both to improve understanding of the cancer behavior and to optimize the spatio-temporal treatment plan by performing in silico ( on the computer) experiments before the actual delivery of radiation to the patient. In other words, the clinician could perform computer simulations of the likely tumor and adjacent normal tissue response to different irradiation scenarios based on the patient's individual imaging, histologic, and genetic data. The simulation predictions would support him or her in selecting the most appropriate fighting strategy. To this end, a substantial number of experimental and mathematical models have been developed. On the contrary, a rather small number of actual three-dimensional (3-D) computer simulation models have appeared in the literature. Exploitation of the potential of current visualization techniques is even more limited.
The aim of the present paper is to describe novel Monte Carlo simulation algorithms of tumor growth and response to irradiation, specific applications of the algorithms and 3-D visualization of the predicted outcome. The paper begins with a brief literature review concerning experimental, mathematical, and computer simulation models of tumor growth, angiogenesis, and tumor and normal tissue response to radiation therapy. Reference to papers describing visualization algorithms used in oncologic simulations is also made. As examples of radio-oncologic simulations, both an in vitro and an in vivo computer simulation model of tumor growth and response to radiation therapy are presented. An outline of the algorithms concerning cell division and interaction, cell response to irradiation, tumor expansion and shrinkage, as well as the procedures of data acquisition and visualization is given. Specific applications of the proposed models to the case of grade IV astrocytoma clarify the behavior of the simulation procedure. The paper concludes with a critical evaluation of the presented paradigms and suggestions on further research.
II. BRIEF LITERATURE REVIEW
In the past four decades, intensive efforts have been made in order to model tumor growth and tumor and normal tissue response to various therapeutic schemes such as radiation therapy. As the corresponding literature is particularly extended, only indicative examples of the modeling efforts are given in the following paragraphs.
Experimental models of tumor growth include two-dimensional (2-D) and 3-D cell cultures (in vitro experimentation) and induction of tumors in laboratory animals (in vivo experimentation) [6] - [11] . Mathematical models of tumor growth attempt to analytically describe various aspects of the highly complex process such as diffusion of oxygen and glucose [12] , [13] , control stability [14] , competition between tumor and host [15] , interdependence between structure and growth [16] and growth and stability [17] , [18] , temporal profile of tumor cell proliferation [19] - [21] , tumor cell replication rules [22] , [23] , invasion [24] , metastasis [25] , cell-cycle checkpoints [26] , and angiogenesis [27] - [29] . The following approaches constitute representative examples of the modeling efforts. Adam and Maggelakis [12] analytically modeled the overall growth of a tumor spheroid using information about inhibitor production rates, oxygen consumption rates, volume loss and cell proliferation rates, and measures of the degree of nonuniformity of the various diffusion processes that take place. Casciari et al. [13] developed empirical correlations from experimental data to express EMT6/Ro tumor cell growth rates, oxygen consumption rates, and glucose consumption rates as functions of oxygen concentration, glucose concentration, and extracellular pH. Duechting [14] proposed a block diagram describing the growth of normal cells as well as the growth of benign and malignant tumors. He studied frequency and transition responses, locus diagrams, and stability conditions. Gatenby [15] developed a population ecology mathematical model examining tumors as part of a dynamic society of interacting malignant and normal cells. Rizwan-Uddin and Saeed [16] presented predictions of a mathematical model of mass transfer in the development of a tumor, resulting in its eventual encapsulation and lobulation. Michelson and Leith [29] modeled the effect of the angiogenic signals of basic fibroblast growth factor (bFGF) and vascular endothelial growth factor (VEGF) on the adaptive tumor behavior.
Computer simulation models aim at three-dimensionally reconstructing a growing tumor based on the behavior of its constituent parts (either single cells or clusters of cells). Such models have been used in order to study, e.g., the emergence of a spheroidal tumor in nutrient medium [30] - [38] , the growth and behavior of a tumor in vivo [39] - [42] , and the neovascularization (angiogenesis) process [31] . Duechting [31] developed a 3-D simulation model of tumor growth in vitro by combining systems analysis, control theory, and cellular automata. Wasserman and Acharya [39] developed a macroscopic tumor growth model mainly based on the mechanical properties of the tumor and the surrounding tissues. Kansal et al. [40] , [41] proposed a 3-D cellular automaton model of brain tumor growth by using four parameters and introducing an adaptive grid lattice.
Experimental models of tumor response to radiation therapy primarily aim at determining the survival probability of the irradiated cells as a function of the absorbed dose (survival curves). The values of many other parameters of interest can also be estimated [43] - [45] . Mathematical models attempt to analytically describe the effect of ionizing radiation to tumor and normal tissue cells [5] , [46] - [63] . Thames et al. [46] mathematically described the dissociation between acute and late radiation responses with changes in dose per fraction. Dale [51] extended the classical linear quadratic dose-effect relationship in order to examine the consequences of performing fractionated treatments for which there is insufficient time between fractions to allow complete damage repair. Fowler [53] reviewed the considerable progress achieved in fractionated radiotherapy due to the use of the linear quadratic model. Zaider and Minerbo [60] proposed a mathematical model of the progression of cells through the mitotic cycle under continuous low-dose-rate irradiation and applied it to studies of the effects of dose rate on HeLa cells. Jones and Dale [62] presented various modifications of the linear quadratic model that were used in order to optimize dose per fraction. Of special importance are the recent attempts to mathematically model the effect of specific genes (e.g., the p53 status) to the radiation response of tumors [64] . Haas-Kogan et al. [64] modeled two distinct cellular responses to irradiation, p53-independent apoptosis and p53-dependent arrest that characterize the radiation response of glioblastoma cells using the linear quadratic model. Mathematical modeling of chemotherapy and other treatment modalities that may be applied in parallel with radiation therapy has also been developed [65] , [66] .
Computer simulation models aim at three-dimensionally predicting and visualizing the response of a tumor [67] - [76] , [36] or normal tissue [70] to various schemes of radiation therapy as a function of time. Nahum and Sanchez-Nieto [68] presented a computer model based on the concept of the tumor control probability (TCP) and studied TCP as a function of the spatial dose distribution. Stamatakos et al. [71] developed a 3-D discrete radiation response model of an in vitro tumor spheroid and introduced high-performance computing and virtual reality techniques in order to visualize both the external surface and the internal structure of a dynamic tumor. Kocher et al. [75] developed a simulation model of tumor response to radiosurgery (single-dose application) and studied the vascular effects.
Finally, extensive work is being done on the combination of advanced visualization techniques, high-performance computing, and the World Wide Web capabilities in order to integrate and clinically apply the oncological simulation models [32] - [37] , [77] - [79] .
III. IN VITRO TUMOR GROWTH AND RESPONSE TO RADIATION THERAPY: AN IN SILICO MODEL
The assumptions and the Monte Carlo treatment that follow pertain to the in vitro simulation model developed by our research group [32] - [37] , [71] , [72] . The modeling approach of Duechting [14] , [30] , [69] , [80] has been adopted and substantially extended. 
A. Cell Division and Interaction
The following fundamental assumptions have been made. 1) The cytokinetic model shown in Fig. 1 is adopted. According to this model, a tumor cell when cycling passes through the phases (gap 1), (DNA synthesis), (gap 2), and (mitosis) [1] - [4] . After mitosis is completed, each one of the resultant cells re-enters if the oxygen and nutrient supply in its current position is adequate. Otherwise, it enters the resting phase. It can stay there for a limited time if the oxygen and nutrient supply are inadequate. Subsequently, it enters the necrotic phase leading to cell death unless the local environment of the cell becomes adequate before the expiration of . In the latter case, the cell re-enters . 2) In addition to the previously described pathway, there is always a probability that each cell residing in any phase (other than necrosis or apoptosis) dies with some probability per hour due to both ageing and spontaneous apoptosis. This probability representing the cell loss rate due to apoptosis is the product of the cell loss factor due to apoptosis (e.g., 10%) and the cell birth rate [3, p. 15] . The cell birth rate can be considered as the ratio of the growth fraction (e.g., 40%) [3, p. 15 ] to the cell cycle duration. 3) Angiogenesis is not taken into account. This is a plausible hypothesis for both tumor growth in cell culture (where there is no possibility for blood vessel formation) and the avascular early stages of tumor growth in vivo. 4) Side effects, immunologic reactions, heterogeneity, and the formation of metastases are neglected. 5) The following heuristic rules governing cell reproduction and interaction are applied: "if the minimum distance between a proliferating (cycling) tumor cell and the nutrient medium becomes greater than three cell layers, the tumor cell enters the phase." Inversely, "if the minimum distance between a tumor cell residing at the phase and the nutrient medium becomes less than three cell layers, the tumor cell reenters the cell cycle." These rules constitute a rough description of the oxygen and glucose diffusion dependent phenomena. and parameters of the linear-quadratic (LQ) model are assumed: one set for the proliferating cell cycle phases except the phase, a second one for the phase, and a third one for the resting phase. The reason for this is the experimentally established different values of radiosensitivity in the previously mentioned phases. The radiobiological parameters of the tumor cells ( and parameters of the LQ model) are obtained by fitting the LQ model to an experimental survival curve. However these values are often not very accurate, as a "tradeoff" between and allows a range of combinations of the two parameters to fit the data almost equally well. A useful alternative for the calculation of the linear component of cell killing is to use low-dose-rate irradiation. The cell survival curve at a low dose rate seems to extrapolate the initial slope of the high-dose-rate curve [3] .
2) The response of each cell to irradiation leading to absorbed dose is described by the LQ model. According to this model, the survival probability of the cell is given by the expression (1) where and are the above-mentioned parameters [3] , [4] . It is noted that (1) is effective after the expiration of a time interval sufficient for the sublethal damage to be repaired. The flowchart of Fig. 2 is employed.
C. Tumor Expansion and Shrinkage
1) A 3-D mesh quantizing the volume occupied by the cell culture is used. This volume includes the tumor as well as part of the enclosing nutrient medium. Each geometrical cell of the mesh can be occupied by a single tumor cell, nutrient medium or products of cell death (either necrotic or apoptotic).
2) The total space occupied by the simulated cell culture has been currently confined by our group to 100 100 100 Fig. 3 . A line-drawing algorithm (shown for simplicity in two dimensions) is applied to construct the best possible approximation of an ideal line given a discretizing mesh. The white geometrical cells are occupied by a nutrient medium while the gray ones represent tumor cells.
Fig. 4.
In the case of tumor expansion, the cell at (x0, y0)
in Fig. 3 will not be connected with the rest of the tumor if it shifts diagonally. Therefore, the diagonal shift is replaced by two orthogonal shifts.
mesh cells. This limit depends on the available computer memory and power as well as on the maximum tolerable runtime. 3) Horizontal, vertical, and diagonal communication between cells is possible. 4) The tumor spheroid formation starts with the placement of a single tumor cell at the stage of mitosis at the center of the mesh. A tumor cell can divide even if there is no free space for the daughter cell to be accommodated. 5) The cell lysis and apoptosis products are gradually diffused toward the outer environment of the tumor. In case of in vivo tumor growth, such substances are expected to be partly ingested by phagocytes. In this case, the macroscopic result of this mechanism is tumor shrinkage due to the exertion of external pressures. 6) Tumor expansion is computationally achieved by shifting a cell chain from the newly occupied mesh cell toward the external environment of the tumor in a random direction. The shifting direction is defined using two random numbers that denote the azimuthal angle and the polar angle in spherical coordinates. A simple line drawing algorithm is used (Fig. 3) . The following additional rule has been introduced in order to preserve tumor connectivity. A cell is considered to be connected with the tumor spheroid if there exists another cell in the tumor spheroid in a unit distance (equal to the length of the edge of a geometrical cell) from it. Diagonal shifts induce displacements equal to ( unit distance) or ( unit distance) and are therefore omitted for cells lying on the external layer of the tumor spheroid (Figs. 3 and 4) . 7) In a similar way, tumor shrinkage is computationally achieved by shifting a cell chain from the external environment of the tumor toward the cell that has to disappear in a random direction (Fig. 3) . Tumor shrinkage does not appear to considerably affect the tumor connectivity as was previously defined. Therefore, the additional rule has been omitted in the simulation of tumor shrinkage.
D. Time Quantization and Statistical Behavior of the Phase Durations
1) Time is quantized and measured in appropriate units. In all applications, 1 h has been adopted as the unit of time.
2) The durations of the cell cycle phases follow normal (Gaussian) distribution.
3) The simulation can be considered a row-to-row computation of the cell algorithm for each individual cell. At each time step, the remaining time in the current phase of the cell under examination is reduced by one time unit. The configuration obtained in this way serves as the initial step of the subsequent calculation step.
E. Visualization
Software from Advanced Visual Systems has been used to offer a suite of sophisticated 3-D solutions for facilitating the analysis and the representation of tumor growth modeling results. AVS/Express is a comprehensive software development platform that offers highly interactive 3-D data visualization. It provides utilities for medical data acquisition, volume and surface rendering of human body regions of interest and 3-D data manipulation functionalities like the intersection of data in different cutting planes and orientations. AVS Express enables users to acquire input data sets from the output of tumor growth simulation software and create 3-D models of the patient's anatomy (in the in vivo case) and of the tumor cells geometry. The AVS/Express-based application allows the user to simulate the placement and the superposition of the different cell states and combine them into a single 3-D representation. The visualized volumes of three cell states (proliferating, dormant, and necrotic/apoptotic) are combined into a single 3-D scene, since the use of coloring and transparency enables the visualization of complex cell topologies. The final representation obtained can be exported from the package in VRML 1.0 or 2.0 format and become available for study in a machine-independent and interoperable way for local or remote examination through a local network or the Internet.
F. The Case of a Glioblastoma Tumor Spheroid in Vitro 1) Input Parameters:
To test the simulation model of tumor growth, the case of a brain tumor spheroid in vitro has been considered. Brain tumors, such as glioblastoma multiforme, are highly malignant tumors [4] . Typical mean values and standard deviations of the various phases of the constituting cells are shown in Table 1 [69], [43] . Table 2 [69], [81] shows typical mean values of the and parameters of the radiobiological LQ model for the following three cell cycle phase groups: the proliferating phases except the DNA synthesis, i.e., the , and phases ( , , the DNA synthesis phase, or phase ( , ), and the resting phase ( , ). The and values for the last two groups have been assumed as perturbations of the first group values according to the findings of experimental radiobiology. According to [3] , cells in the -phase tend to be the most radioresistant. Classical experiments that have greatly supported this finding are those performed by Sinclair and Morton [44] . The survival curves showed that it was mainly the shoulder of the curve that changed in the various cell cycle phases. The shoulder was greatest for cells in . Therefore, the initial slope (which equals the value of the parameter of the LQ model) is minimum for the phase compared with the rest of the cell cycle phases. This is the reason why a value for smaller than the average value for has been assumed. Furthermore, as hypoxic cells in are even more radioresistant, an even smaller value for has been chosen [3] . As the behavior has not been equally well established, smaller values for and have been chosen also (thus further contributing to an increase in the surviving fraction).
The mean time required for the disappearance of the cell death products from the tumor spheroid has been assumed to be 10 h. Although this time interval seems to be rather small, it was selected in order to quickly demonstrate the ability of the model to simulate tumor shrinkage. More realistic values are expected to arise during experimental tests.
2) Simulation of Fractionated Radiotherapeutic Schemes:
The standard and the hyperfractionation schemes (2 Gy once a day, 5 days a week, 60 Gy in total, and 1.2 Gy twice a day, 5 days per week, 72 Gy in total, respectively) have been simulated. Irradiation begins 672 h after the placement of a single tumor cell in the phase of mitosis at the center of the discretizing mesh. Figs. 5 and 6 show an equatorial section of the initially developing and subsequently responding to irradiation tumor. The various classes of cell phases (proliferating cells, cells in the phase, cells in necrosis/apoptosis) can be readily distinguished. It is evident that repopulation during radiotherapy is kept substantially lower by hyperfractionation than by standard fractionation. This is in accordance with extensive experimental findings [3] . Fig. 7 depicts the eventual regrowth of the tumor from its foci, which survived standard fractionation radiotherapy. Fig. 8 shows the total volume of a brain tumor spheroid as a function of time without external interventions and by applying the standard fractionation and the hyperfractionation schemes, respectively. Good qualitative agreement with the experimentally expected behavior has been noticed in all cases. In the two curves concerning the irradiated tumor, the repopulation effect of the weekend pause can be easily distinguished. A typical simulation run of 12 weeks for 100 100 100 geometrical cells lasts about 7 min on an AMD Athlon XP 1800 machine (786MB RAM). The Visual Fortran 6.0 programming language has been used.
3) Computational Stability Issues: Appropriate pseudorandom number generators are used in order to simulate the statistical character of specific phenomena during the cell proliferation and irradiation. However, if a simulation of tumor growth and response to irradiation begins with a single tumor cell placed at the center of the nutrient medium with different random number generator seeds and/or different ways of scanning of the discretizing mesh, the standard deviation of the total tumor volume could be as high as 60% of the mean value obtained with different executions at a given instant. In order to "stabilize" the predictions, we tried to start simulation of the tumor spheroid formation and behavior with the placement of a small multicellular spheroid with varying number of cells. By starting the simulation procedure with a multicellular spheroid of 5000 cells, we observed that the standard deviation of the total tumor volume decreased to as low as 4% rendering therefore the predictions more reliable.
G. Discussion
The simulation model presented (consisting of a biophysical and a visualization part) provides a novel platform for both gaining insight into the biological mechanisms involved in tumor growth in vitro or during the early avascular stages of in vivo tumor growth. Optimization of dose fractionation during radiation therapy by performing "in silico" experiments is also a practical target. Therefore, the performance of expensive (in terms of both time and money) in vitro experiments might be substantially reduced. Although at this stage only a qualitative agreement of the system predictions with the experimental observations has been confirmed, it is expected that a more detailed description of the various biophysical mechanisms involved (e.g., diffusion of oxygen and glucose, the effect of the genetic profile of the tumor such as the status of the p53 gene on the irradiation response, etc.) can add a more clinically significant dimension to the simulation output.
As the simulation model is quite general, the cytokinetic and radiobiological properties of any particular type of tumor cells (able to form tumor spheroids in culture) can be the input to the computer program implementing the analysis presented. Therefore, apart from the provision of the cytokinetic and radiobiological data ( and values of the linear quadratic model) for the specific tumor cells, no modifications to the code are in principle necessary. Obviously, experimental feedback should always be used in order to improve the reliability of the model.
IV. IN VIVO TUMOR GROWTH AND RESPONSE TO RADIATION THERAPY: AN IN SILICO MODEL
The assumptions and the treatment that follow pertain to the in vivo simulation model developed by our research group [42] , [73] .
A. Data Acquisition and Three Dimensional Visualization
As a first step, the imaging data (e.g., CT, MRI, PET slices, possibly fused), including the definition of the tumor contour and the anatomical structures of interest, the histopathologic (e.g., type of tumor) and the genetic data (e.g., p53 status, if available) of the patient are appropriately collected. The output of the above procedure is introduced into the 3-D visualization package AVS-Express, which performs the visualization of both the tumor and the surrounding region of interest by combining volume and surface rendering techniques. In the case of radiotherapy, the distribution of the absorbed dose (e.g., in Gy) in the region of interest at the end of the physical treatment planning procedure is also acquired.
B. Biological Activity of a Solid Tumor in Vivo
The description of the biological activity of the tumor [1] - [4] , [8] , [14] , [82] is implemented by introducing the notion of the "geometrical cell." A 3-D discretizing mesh is superimposed on the anatomical region of interest (Fig. 10) . Each geometrical cell of the mesh belonging to the tumor contains a number of biological cells "residing" in various phases within or out of the cell cycle ( , , , Mitosis, , Necrosis). Within each geometrical cell, a number of classes of biological cells (compartments), each one characterized by the phase in which its cells are found (within or out of the cell cycle), are defined. Sufficient registers are used in order to characterize the state of each geometrical cell and each phase class within it (e.g., the number of biological cells in phase , the time spent in phase ). The number of biological cells constituting each phase class is initially estimated according to the position of the geometrical cell within the tumor, the metabolic activity in the local area (e.g., based on PET, functional MRI). In particular, the relative distribution of the biological cells within each one of the proliferating phases ( , , , or ) is estimated using the mean duration of each cell cycle phase of the specific tumor. The simplified cytokinetic model of Fig. 1 is considered. Both necrotic and apoptotic cell death are taken into account. The mechanical properties of the surrounding tissue are also taken into account in a rather primitive way (e.g., absolute lack of deformability in the bone). A simplifying assumption dictates that each geometrical cell of the mesh can "normally" accommodate a constant number of biological cells (NBC). In case that the actual number of alive and dead (but still morphologically existing) tumor cells contained within a given geometrical cell is reduced to less than NBC/2, then a procedure which attempts to "unload" the remaining biological cells in the neighboring geometrical cells takes place, at the end of which if the geometrical cell becomes empty, is assumed to disappear from the tumor. An appropriate shift of the surrounding geometrical cells leads to a differential tumor shrinkage. This can happen, e.g., after irradiation of a radiation responsive tumor. On the other hand, if the number of alive and dead cells within a given geometrical cell exceeds NBC NBC/2, then a new adjacent geometrical cell emerges. Its position relative to the "mother" geometrical cell is determined using a random number generator. An appropriate shifting of the surrounding geometrical cells takes place leading to a differential expansion of the tumor. The "newborn" geometrical cell initially contains the excess number of biological cells, which are distributed in the various phase classes proportionally to the distribution in the "mother" geometrical cell just before the emergence of the newborn geometrical cell. Apparently, the geometrical cell size depends on the volume of the tumor and the computational resources available and determines the quantization error of the model.
The geometrical mesh covering the anatomic area of interest is scanned every units of time. For each phase class of a given geometrical cell, behavior algorithms based on the cell cycle phase duration of the tumor cells, the distance from the external boundary of the tumor, the LQ model, the genetic data of the tumor (e.g., wild or mutated p53, bcl-2 genes), determine the updated state. Again, for simplification purposes, all biological cells constituting each phase class within the same geometrical cell are assumed to be synchronized. Biological cells belonging to the same phase class of different According to the previously described process, the three dimensional progress of a tumor is simulated. In case that radiotherapy treatment has been prescribed, the distribution of the absorbed dose (e.g., in Gy) in the region of interest is also provided. This distribution is used by the biological simulation software described previously in order to "predict" the most likely spatio-temporal response of the tumor. The visualization procedure described in the beginning of this abstract is followed here too.
C. Preliminary Testing of the Simulation Model: The Case of Grade IV Astrocytoma in Vivo
In order to provide a preliminary check of the algorithms described so far, the following testing procedure has been devised and implemented. A case of grade-IV astrocytoma, recently irradiated, has been selected. A specialist doctor has delineated the clinical boundary of the tumor and its necrotic area based on the corresponding MRI and PET data three months after completion of the irradiation course, when tumor repopulation has occurred (Fig. 10) . A cube defining the anatomical region of interest has been superimposed on the imaging slices. The dimensions of each geometrical cell are 1 mm 1 mm 1 mm. Such a volume contains roughly 10 biological cells (NBC 10 ).
As no information about the metabolic activity (and therefore the density of the tumor neovasculature) prior to irradiation was available (e.g., through PET or functional MRI) for the particular case considered, the only growth support criterion applied so far was the minimization of the distance from the outer surface of the tumor. This implies that biological cells residing in the outer layer of the tumor can be adequately oxygenated and fed whereas the inner part of the tumor lacks efficient neovasculature and therefore oxygenation and nourishment. Obviously, this may not be the case in a large number of tumors. If, e.g., the metabolic imaging data (e.g., PET, SPECT, functional MRI) prior to irradiation suggest that the metabolic activity of the tumor is rather uniform throughout its volume, the growth support criterion would become rather uniform as well. Therefore, the previously predicted layered repopulation structure of the tumor would be replaced by a more uniform one.
The standard fractionation scheme (2 Gy once a day, 5 days per week, 60 Gy total) has been simulated. The LQ model parameters of the tumor are:
Gy , Gy [81, radiosensitive tumor] and are assumed to remain constant through the different cell cycle phases. Cells hit by the irradiation are assumed to carry out two mitoses before entering the necrotic phase. For the visualization purposes during this time interval (3/2 of the cell cycle duration) the cells destined to die are considered to have already been dead.
For the specific type of tumor, all nonclonogenic cells are considered to be necrotic (sterile cells are not taken into account). A typical clonogenic cell density is 10 cells/cm ( 10 cells/mm ) [68] . We assume a clonogenic cell density of 2 10 cells/mm in the proliferating cell layer (a 6-mm-thick layer from the outer boundary of the tumor), 10 cells/mm in the cell layer (a 1-mm-thick layer surrounding the central necrotic region) and 0.2 10 cells/mm in the dead cell layer of the tumor. Within each geometrical cell the initial distribution of the clonogenic cells through the cell cycle phases depends on the layer of the tumor in which the geometrical cell belongs. More precisely, in the proliferating cell layer 70% of the clonogenic cells are assumed to be in the cycling phases and 30% in the phase. In the cell layer 30% of the clonogenic cells are in the cycling phases and 70% in the phase. Finally, in the dead cell layer, 10% of the clonogenic cells are in the cycling phases and 90% in the phase. Other parameters of importance include the growth fraction of the tumor (initially taken to be 40% [3, p. 15] ), the cell cycle duration h, the cell cycle phase durations h, h, h, h, h [69] , and the cell loss factor taken to be equal to 0.9 [3, p. 15] . Certainly such a high loss factor is unrealistic in the case of astrocytoma that has been considered. It has nevertheless been used in order to facilitate the demonstration of the ability of the model to simulate the shrinkage effect. We assume that the total cell loss factor is the sum of the cell loss factor due to necrosis (0.8) and the cell loss factor due to apoptosis (0.1). The probabilities of cell loss per hour due to necrosis (0.01) and due to apoptosis (0.0013) are derived from the above-mentioned value of the cell loss factor according to [3, p. 15] . Furthermore, in contrast with the in vitro model in the present version of the in vivo model, no variation in the and LQ parameters has been considered. Obviously such a variation can be easily incorporated in the computer code.
The computer code has been developed in Microsoft Visual C++ 6 and Microsoft Visual Basic 6. As far as the computational demands are concerned, an execution of the radi- Fig. 13 . Visualization of the tumor status on the third fictitious day after the beginning of the radiotherapy course where a coloring criterion of "99.95%" instead of "99.8%" has been applied. The testing predictions depicted in Figs. 11-14 demonstrate the ability of the model to adequately simulate cell death and tumor shrinkage. In order to emphasize this potential of the model, the values of certain parameters (e.g., cell loss) have been deliberately exaggerated. Systematic comparison with clinical data that is currently under way is expected to lead to more clinically relevant parameter values. Details on the simulation sequences and the visualization criteria are to be found on the respective figure captions.
D. Discussion
The previously described in vivo paradigm deals with a novel approach to the modeling of a clinically manifested solid tumor. The simulation model is capable of satisfactorily simulating characteristics of tumor behavior such as tumor repopulation, expansion and shrinkage. The software system developed is currently undergoing an extensive validation and optimization procedure based on pertinent clinical and laboratory data concerning, e.g., astrocytoma irradiation. Nevertheless, it should be stressed that all versions of the simulation model will always have a statistical/probabilistic nature, as cancer itself is a highly complex and partly unpredictable disease.
V. CONCLUSION
The concept of in silico radiation oncology has been clarified by means of a brief review of the literature concerning experimental, mathematical, 3-D computer simulation models of tumor growth and response to radiation therapy as well as by two simulation and visualization paradigms developed by our research group.
The first paradigm refers to in vitro tumor spheroid development and irradiation whereas the second one refers to in vivo clinical tumors treated by fractionated radiation therapy. The basic elementary phenomena taking place during the tumor growth and response processes have been pointed out. The salient simulated phenomena include: cell metabolism, cell division and interaction, cell response to irradiation and tumor expansion and shrinkage. In the case of the in vivo simulation model, adequate algorithms describing the acquisition and preprocessing of clinical data have been proposed and implemented. Specific applications of the models to experimental and clinical cases have been described and the behavior of the model is two-and three-dimensionally visualized.
Good qualitative agreement with experimental and clinical observations strengthens the applicability of the models to real situations. Concerning the in vitro case, the predictions compare fairly well with those of Duechting et al. [69] , [76] who addressed the most similar problem to the one treated by our group, although the formulation of the irradiation response algorithms is substantially different. Regarding the in vivo case as the specific problem treated by the authors (fractionated irradiation of a large in vivo tumor based on actual imaging data) seems not to have been dealt with by other researchers, no comparison with other models has been made. Further systematic testing and adaptation of the model is under way. This procedure basically consists of comparisons of the model predictions with experimental and clinical data before, during and after the radiotherapy course. Eventual discrepancies will lead to better estimation of certain model parameters such as the alpha and beta values of the LQ model. Inclusion of the effect of other treatment modalities such as chemotherapy or gene therapy as well as the response of the adjacent normal tissues to irradiation and other modalities is under investigation. The fact that both simulation models have a clear modular character is expected to substantially facilitate the clinical adjustment and extension procedures.
Therefore, an integrated and patient individualized decision support and spatio-temporal treatment planning system is expected to emerge after the completion of the necessary experimental and clinical trials. Such a system is expected to substantially contribute to the advancement of basic cancer research leading to the further clarification of the mechanisms responsible for tumor growth and response to various treatments. Furthermore, it could serve as a basis for "educating" the patient by means of imaging demonstrations on the likely natural development and treatment responsiveness of the cancer so that he/she can positively contribute to the discussion on the treatment procedure.
